Daily energy balance was calculated for 111 Holstein cows in their first 3 lactations, based on combinations of smoothed preadjusted phenotypic records for milk yield, feed intake, live weight, and body condition score. Two energy balance traits were defined: one based on milk yield and feed intake (EB1) and the other on live weight and body condition score change (EB2). Bessel functions (BF), Legendre polynomials (LP), sinusoidal functions (SF), and cubic splines (CS) were used to model energy balance within and across lactations. Models with BF or LP fitted fixed regressions of order 1 to 6 and random regressions of order 1 to 10. Cubic splines were fitted at 5 to 30 equally spaced knot points. In within-lactation analyses with BF and LP models, likelihood ratio tests revealed that the fit improved significantly up to random regression order of 5 for EB1 and 4 for EB2, independently of the fixed regression order. For EB1 analyses with LP, improvement was marginal albeit significant even for higher random regression order. For CS models, optimal number of knot points was 13 and 12 for EB1 and EB2, respectively. Residual variance and comparisons between actual and predicted energy balance showed that LP of minimum order 8 and 5 modeled, respectively, EB1 and EB2 better than the other 3 functions. In across-lactation analyses with BF and LP models, likelihood ratio tests were significant as the random regression order increased, for any order of the fixed regression. For CS models, optimal number of knot points was 14 and 16 for EB1 and EB2, respectively. Residual variance and comparisons between actual and predicted energy balance showed that models fitting CS and high (>8) random order BF or LP provided the best fit to both traits. However, in an across-lactation analysis, even higher Received October 22, 2004. Accepted February 24, 2005 Corresponding author: G. Banos; e-mail: banos@vet.auth.gr.
INTRODUCTION
In dairy cattle it is important to ensure that individual animals get sufficient energy from feed intake to meet their physiological requirements. Dairy cattle need to produce milk, grow, conceive, and bring their calves to term, while maintaining themselves as biological entities, staying healthy, and keeping up with general activity.
The amounts of energy taken in and dispensed by a cow determine its body energy state. When current energy needs exceed current energy input, the cow is in negative energy balance. Body tissue (mostly as lipid reserves) is then heavily catabolized to offset energy requirements by various physiological activities. An animal in prolonged negative energy balance exhibits cumulative body energy loss and becomes prone to health and reproductive problems, and considerable financial loss (Beam and Butler, 1998; De Vries et al., 1999; Kendrick et al., 1999; Collard et al., 2000; De Vries and Veerkamp, 2000; Veerkamp et al., 2000) .
Furthermore, carryover effects from one lactation to subsequent lactations frequently result in increasing negative energy balance and associated recurring health and fertility problems during a cow's productive life (Coffey et al., 2001) . Given the relationship between energy balance and these functional traits, it follows that cows losing too much energy in a lactation and failing to gain enough back in the same lactation are predisposed to ill health and fertility in the following lactation, especially if the loss in that lactation pushes the cow's energy below some threshold. In addition, all lactating mammals tend to lose body energy to support lactogenesis, even more so when they are highly selected and highly producing Holstein cows (Coffey et al., 2004) . Therefore, there must be an optimum rate of energy loss over the cow's productive life that maximizes milk production with an acceptable functional trait performance and life expectancy for the animal.
The energy profile of a cow changes over time, reflecting changes in its milk production, live weight, and BCS. Every one of these traits corresponds to one or more energy-demanding physiological activities. Live weight is associated with growth and pregnancy status, whereas BCS is associated with the level of metabolizable lipid reserves. Coffey et al. (2001) combined feed intake and milk yield data to calculate energy balance from direct energy input and output. They also combined live weight and BCS data for the same cows to calculate energy balance from predicted body lipid and protein weight changes.
In a breeding and genetic improvement program, it is desirable to understand the energy profile changes of animals under selection for yield, to identify cows that are genetically predisposed to retain energy and avoid lengthy intervals in a negative energy balance state. Furthermore, modeling and predicting the energy balance of a cow during its lifetime could become a useful management tool on the farm, assisting culling decisions, reproductive management, and other related practices.
As multiple energy balance records may be available on the same animal over time, modeling the trait becomes an exercise in repeated-measures analysis. The shape of the trait curve also needs to be taken into account. Coffey et al. (2002) considered sinusoidal functions to model and predict daily energy balance over 3 lactations of Holstein cows, achieving moderate accuracy and goodness of fit. De Vries et al. (1999) investigated several curves of early lactation energy balance and observed best fit with sixth-order polynomials and random regression models, followed closely by a modified Ali and Schaeffer function (Ali and Schaeffer, 1987) .
Beyond parametric models, nonparametric approaches have also been used to analyze repeated observations and to model curves. Cubic splines have been used in this respect to model lactation and growth curves (White et al., 1999) . Cubic splines are smooth curves formed by combining cubic polynomials at the so-called knot points. This results in the spline and its first 2 derivatives being continuous over the entire length of the curve (Green and Silverman, 1994) . White et al. (1999) Outside the animal science field, energy state exhibiting cyclical patterns is frequently modeled using Bessel functions, which are defined as solutions of certain differential equations (Arfken, 1985) . Bessel functions of any order can be expressed as a series of gamma functions. Applications of Bessel functions are found in various areas of physics including atomic ionization (Reiss and Krainov, 2003) , energy transfer in thermodynamics (Roura et al., 2000) , electromagnetism (Taylor, 1974) , and acoustic waves (Leach, 1989) . A desirable property of Bessel functions is that they are harmonic and asymmetrical; therefore, from an animal science standpoint, they might be effective at modeling varying rates of energy change (amplitude) and total energy content (phase) across individual cows.
The objective of this study was to evaluate 4 modeling functions of daily energy balance of dairy cows both within lactation and across their productive life in the first 3 lactations.
MATERIALS AND METHODS

Data
Data were collected from Holstein cows kept at the Langhill Dairy Cattle Research Centre in Scotland, between 1990 and 2002. These cows had been participating in feed and selection trials conducted at the Centre. Energy balance measures were obtained from adjusted phenotypic values for 4 other traits that were routinely recorded at the Centre. The traits were milk yield and fresh feed intake (recorded on each cow daily) and BCS and live weight (measured on each cow weekly). Milk yield was defined as the sum of the morning and evening yields, feed intake was calculated from the difference between food offered and food refused, BCS was expressed on a scale from 0 (thin) to 5 (obese), and live weight was measured after morning milking, at the same time as BCS. Records for these traits were analyzed with random regression models (Coffey et al., 2002) . Each trait was analyzed separately. Models included the fixed effects of feed group, genetic line, time of measurement, percentage of North American Holstein genes, age at calving, and fourth-order Legendre polynomials of days of lactation, fitted within lactation (Coffey et al., 2002) . Because a test-day model was implemented, daily solutions were derived for all traits, whether they had been recorded daily or weekly. Animal solutions per day of lactation obtained from these analyses were used to calculate daily values, on the phenotypic scale, for all 4 traits, for days of lactation 1 to 305 of the first 3 lactations of each cow. It should be noted that these days corresponded to 1 to 1431 d since the cow's first calving, representing days of productive life, where 1431 was the maximum number of produc- tive days for a cow at the end of lactation 3. Daily adjusted phenotypic values for the 4 traits were then converted to energy equivalents using the effective energy system of Emmans (1994) . Energy equivalents were combined to derive 2 separate energy balance traits. The first (EB1) was based on daily adjusted phenotypic values for milk yield and feed intake, and actual live weight records, and represented the direct balance emanating from energy available to a cow and requirements for production and maintenance. The second energy balance trait (EB2) was based on daily adjusted phenotypic values for live weight and BCS, and represented changes in lipid and protein weight over time. Coffey et al. (2001) described these procedures in detail. All cows were required to have 3 complete lactations to ensure the energy balance profile was studied throughout productive life on the same animals. Cows were also required to be in milk for at least 305 d in every lactation and have all 4 traits (milk yield, feed intake, BCS, and live weight) continuously recorded. In total, 100,566 daily energy balance measures of 111 cows in their first 3 lactations were included in the study. Table 1 gives descriptive statistics for the 2 energy balance traits both within and across lactation, and Figure 1 illustrates the average EB1 and EB2 by day of lactation for the 3 lactations. A visual appraisal of the curves in Figure 1 reveals that cows started each lactation in negative energy balance and gradually regained body energy before returning to positive energy balance by approximately d 70. Cyclical patterns were observed across lactation, with each lactation cycle lasting on average 399 d (mean calving interval of the cows included in this study). An attempt to model energy balance curves should describe these fluctuations sufficiently and take into account the between-cow variance Journal of Dairy Science Vol. 88, No. 6, 2005 in rate of regaining body energy and in total amount of energy gain/loss at the end of each lactation. Coffey et al. (2002) considered sinusoidal functions (SF) suitable for describing the cyclicity of energy balance across a cow's productive lifetime. Sinusoidal functions were fitted in the present study using model 1 for within lactation analysis.
Models
where Y ijk = daily energy balance (EB1 or EB2) record of cow i in lactation k; D i = fixed effect of number of weeks between d 305 and next calving, representing the milking period beyond d 305 and the dry period; T j = day j of lactation k ranging from 1 to 305; CI i = interval between calvings k and k + 1 of cow i; mCI = average interval between calvings k and k + 1; a, b 1 , and b 2 = fixed regression coefficients associated with the overall curve; c i , d 1i , and d 2i = random regression coefficients associated with cow i; and e ijk = random residual term. All effects were fitted within lactation k, ranging from 1 to 3. The second type of function considered was the Bessel function (BF). Unlike SF, BF are asymmetrical; therefore, they may better account for varying amplitude and phase across animals. Bessel functions were fitted to daily energy balance records, within lactation, using model 2.
where Y ijk = daily energy balance (EB1 or EB2) record of cow i in lactation k; a and b n = fixed regression coefficients associated with the overall curve; c in = random regression coefficient associated with cow i; B n = nth BF of day j; nf = fixed regression order ranging from 1 to 6; nr = random regression order ranging from 1 to 10; and other effects are as in model 1. All effects were fitted within lactation k (k = 1, 2, or 3). Bessel functions were programmed based on the modules described by Press et al. (1992) . The general formula used for the nth BF of a real number x [J n (x)] is given below: where
Legendre polynomials (LP) were the third type of function considered in this study. These polynomials are routinely used in animal breeding for the analysis of repeated measures. They have a number of desirable properties including good convergence, simple usage, and orthogonality, meaning they yield correlation estimates between coefficients close to the "true" value. Legendre polynomials were fitted to energy balance records, within lactation, using model 3.
where Y ijk = daily energy balance (EB1 or EB2) record of cow i in lactation k; a and b n = fixed regression coefficients associated with the overall curve; c in = random regression coefficient associated with cow i; P n = nth LP of day j; nf = fixed regression order ranging from 1 to 6; nr = random regression order ranging from 1 to 10; and other effects are as in model 1. All effects were fitted within lactation k (k = 1, 2, or 3).
The final model fitted cubic splines (CS) to daily body energy balance measures. Cubic splines were fitted at 5 to 30 equally spaced knot points using model 4 for within lactation analysis. 
where Y ijk = daily energy balance (EB1 or EB2) record of cow i in lactation k; a and b = fixed regression coefficients associated with the overall curve; c i and d i = random regression coefficients associated with cow i; and other effects are as in model 1. All effects were fitted within lactation k (k = 1, 2, or 3).
The radian term in all of the above functions was expressed in a way that aimed at capturing the cyclicity and periodicity of EB1 and EB2 in the first 3 lactations (Figure 1 ). There appeared to be 9 major inflection points in these curves (3 per lactation); therefore, BF and LP were fitted to a maximum regression order of 10. This should render the statistical results describing the trait curves biologically meaningful.
In a separate set of analyses with each one of the above 4 models, T was defined as the number of days since first calving, describing the actual length of productive life, ranging from 1 to 1431. In this case, energy balance was modeled across lactation and the other effects in the model were no longer nested within lactation.
All analyses were conducted with the ASREML software package (Gilmour et al., 2002) . In all cases, the fit of each model was first evaluated by the log likelihood and the residual variance estimate. Further, the actual and predicted energy balance were compared using the root mean square error, the mean absolute difference, representing the average bias, and the product-moment correlation squared, reflecting the proportion of total phenotypic variance explained by the model.
RESULTS
Within-Lactation Analysis
When the model included BF or LP, the log likelihood increased with the random regression order, independently of the order of the fixed effect. In the EB1 analysis, the likelihood ratio test of BF models was significant (P < 0.05) up to random regression order 5 and was always significant for LP models. However, in the latter, the improvement decreased considerably beyond the order of 5. In the EB2 analysis, the likelihood ratio test was significant (P < 0.05) up to random regression order 4 for both BF and LP models.
For CS fitting models, the optimal number of equidistant knot points was 13 and 12 for EB1 and EB2, respectively; these models were associated with the highest log likelihood and lowest residual variance. All CS results presented from this point onwards will refer to optimal number of knot points. Figures 2 and 3 show the average fitted values of EB1 and EB2, respectively, for all models considered. Models fitting BF and LP with fixed and random order of 6 are used here for illustration. On average, BF, LP, and CS fitting curves were very similar to each other, whereas SF curves were slightly different. The former followed the plotted average data values (Figure 1 ) quite well. Figures 4 and 5 show residual variance estimates of EB1 and EB2, respectively, when the model included sixth-order fixed regression on BF or LP and random regression on the same functions of order ranging from 1 to 10. Here fixed regression of sixth order is used for illustration purposes. Results were not affected by the order of the fixed regression. Residual variances of SF and CS fitting models are also shown in Figures 4 and 5. For EB1, residual variance was smallest (P < 0.05) when the model fitted LP of random order >7, suggesting a better fit. Models fitting CS at 13 equally spaced points had similar residual variance to order 7 LP models, followed by lower order LP and BF models. The last 2 did not differ significantly from each other. Models fitting SF and single-order LP and BF had the largest residual variance. For EB2, residual variance was smallest for models fitting LP of order >4, followed by CS (12 knot points), lower order LP, BF, and SF. Residual variance improved significantly (P < 0.05) when random BF order increased to 4 and random LP order to 6. Differences between LP and BF were significant (P < 0.05), in the favor of LP, when the random regression order in either case was >5.
A very similar picture was painted by comparisons between predicted and actual daily body energy balance (Table 2 for EB1 and Table 3 for EB2). Comparison criteria included the root mean square error, the mean absolute difference, and the product-moment correlation squared. Models fitting LP of random regression order >7 and >4 were associated with the smallest (P < 0.05) root mean square error and average bias for EB1 and EB2, respectively. The same models explained the highest proportion of total phenotypic variance for EB1 (0.96) and EB2 (0.62). By the criteria considered in this study, all models fitted EB1 better than EB2.
Across-Lactation Analysis
When the model included BF or LP, the log likelihood increased significantly (P < 0.05) with the random re- gression order (1 to 10), independently of the order of the fixed effect. The latter had trivial effect on any of the results of this study.
For CS models, the optimal number of equidistant knot points was 14 and 16 for EB1 and EB2, respectively; these models were associated with the highest log likelihood and lowest residual variance. As in within-lactation analysis, any reference to across-lactation CS results from this point onwards will refer to the optimum number of knot points. In Figures 6 and 7 , average fitted values across the cows' productive life are fitted. In general, BF, LP, and CS models produced very similar average fit, whereas the model fitting SF fared slightly differently, especially at the beginning and end of productive life as defined in this study. Figures 8 and 9 show the residual variance of EB1 and EB2, respectively, when the model included sixth- (P < 0.05) smaller when the model fitted CS or LP or BF of random order >8. Smaller residual variance estimates suggest a better fit. These 3 models were not significantly (P < 0.05) different from each other. In EB1 analysis, models fitting LP outfitted BF up to random regression order of 6; results were similar for the 2 functions at higher random regression order. In EB2 analysis, LP and BF gave the same results independently of the random regression order. For both traits, models fitting SF and single random order LP or second random order BF had the largest residual variance.
A very similar picture was painted by comparisons between predicted and actual daily body energy balance (Table 2 for EB1 and Table 3 for EB2). The same comparison criteria as for within-lactation analyses were considered here. Models with CS or LP or BF of random regression order >8 were associated with the smallest (P < 0.05) root mean square error and average bias for either trait. The same models explained the largest proportion of the total phenotypic variance. Differences were more pronounced for EB1 than for EB2.
In all cases, the fit of within-lactation analysis was better than that of across-lactation analysis. This may be attributed to the fact that energy balance measurements were discontinuous across lactation, as they did 
DISCUSSION
The objective of this study was to evaluate models for the analysis of daily energy balance of lactating dairy cows at various stages of production. The underlying motive was to enhance the understanding of the way daily energy balance changes within a cow's lactation as well as over its productive life. Benefits envisaged from this work include the identification of appropriate models for future genetic evaluation of animals for energy balance and of models that use energy indicators in early productive life to predict energy balance and associated traits in later lactations.
Energy balance was modeled both within and across lactation, the latter reflecting the energy profile across a cow's productive life. The suitability of within-lactation analysis for this type of data is attested by data discontinuity as they only pertain to the first 305 d of each lactation. No data beyond d 305 of lactation were fitted while there was no information from the dry period. Previous energy balance modeling studies (De Vries et al., 1999 ) also fitted within-lactation curves. However, cows at the same stage of lactation may be on a different actual day of productive life, depending on calving age and interval. Across-lactation analyses recognize the fact that, from a biological standpoint, there is no discontinuity in the trait as cows are constantly moving from losing energy to gaining it and vice versa. Model- ing energy balance changes over a cow's productive life would help predict the future energy profile from early life indicators. With appropriate selection strategies, this would assist in preventing excessive body energy loss before it happens. For high-yielding Holstein cows with the genetic propensity to partition nutrients in favor of milk production, it is preferable to prevent loss rather than try to recover excessive energy loss.
In this study, 2 energy balance traits were defined based on combinations of smoothed preadjusted records for milk yield, feed intake, live weight, and BCS. Milk yield and feed intake were recorded daily, whereas live weight and BCS measurements were taken every 7 d. The first energy balance trait, EB1, was calculated from milk yield and feed intake solutions, and exhibited a smooth curve throughout the 3 lactations. The second trait, EB2, was based on live weight and BCS solutions, and its curve was not quite as smooth (Figure 1 ). This was because EB2 calculations were based on lipid and protein weight changes as predicted from changes in live weight and BCS. This method, however, requires an estimate of the gut fill of the cow (Coffey et al., 2001) , which, in turn, is based on the metabolizable energy content of DM intake on the day of measurement. Because consecutive live weight and BCS measurements were actually 7 d apart, variation of daily feed intake in the days between measurements was not fully accounted for. This caused the observed unsystematic oscillations in daily EB2 measures, leading to less-thansmooth curves. As a result, models evaluated here fitted EB1 well but did not provide as good a fit for EB2. In fact, whereas the best models predicting EB1 explained 96% (within-lactation analysis) and 87% (across-lactation analysis) of the total phenotypic variance, the best models fitting EB2 accounted for 62 and 57% of the variance, respectively.
For data considered in this study, models fitting LP of minimum random regression order 8 for EB1 and 5 for EB2 were the best at describing within-lactation energy balance curves. Higher order (>8) LP along with same order BF and CS provided the best fit to acrosslactation energy balance curves. However, the best fit of across-lactation models was significantly (P < 0.05) inferior to the best fit of within-lactation models. Lowest within-lactation residual variance estimates were 50 ± 0.3 MJ 2 for EB1 and 180 ± 0.8 MJ 2 for EB2. For acrosslactation analyses, these estimates were 167 ± 0.8 and 197 ± 0.9 MJ 2 , respectively. Apparently, higher-order across-lactation functions will be needed to reach the same levels of fit as within-lactation analysis, because the former is associated with potentially larger numbers of inflection points and because data are discontinuous. High-order functions, however, render models too complicated and, despite their statistical interest, they may depart from ascribing true biological meaning to the results.
In all cases, CS fitted at equally spaced knot points provided a good fit relative to the other functions, especially when energy balance was modeled across lactation. The way splines are formed makes them and their first 2 derivatives continuous over the length of the curve, possibly resulting in a good fit of the lifetime curve despite the obvious gaps occurring between d 305 and the onset of the following lactation. Bessel functions, in the face of their apparent popularity in various fields of physics, did not fare any better than conventionally used polynomials or splines, at least as far as results of this study were concerned. Finally, sinusoidal functions provided the worst fit in all cases. Although they are harmonic, their symmetrical nature renders them unsuitable for the analysis of data where considerable variation between animals in both amplitude and phase is expected.
The number of animal solutions estimated by each function varied. For models fitting LP and BF, the number of solutions that had to be estimated per cow ranged from 2 to 11, depending on the random regression order. For CS fitted to 12 to 16 knot points (optimal fit), the number of solutions per cow was 10 to 14, respectively. Finally, for SF models, 3 solutions had to be estimated per cow. Although the number of random effects was not exactly the same in all cases, the range was narrow enough, especially with regards to CS and high (recommended) order LP and BF; therefore, the number of Only data from the first 305 d of each lactation were considered in this study. Smooth preadjusted records were available for these days for the 4 individual traits used to calculate energy balance, namely milk yield, feed intake, live weight, and BCS (Coffey et al., 2002 ). An effort to include more days of lactation resulted in inappropriate values for EB1 and EB2 for days beyond 305. An attempt to account for remaining milking days and the dry period was made by fitting the difference between a cow's calving interval and 305 into the model. The effect was significant (P < 0.05) in all cases.
From a practical point of view, EB2 is a more interesting measure of energy balance because it is based on traits that can be routinely recorded in the commercial cow population. Body condition scoring forms an integral part of the official national conformation recording scheme in the United Kingdom, and live weight can be predicted from conformation traits (Koenen and Groen, 1998; Coffey et al., 2003) . Thus, random regression models considering repeated daughter observations per sire may be implemented to compute sire genetic evaluations for energy balance change per day of lactation (Coffey et al., 2003) . Because feed intake records are not available at the national level, metabolizable energy content of DM intake, required to calculate gut fill, should be inferred from average experimental values, in such a case. Functions evaluated in this study suggest that models fitting LP of order no greater than 5 are appropriate for genetic evaluation within lactation.
The complexity of such models should be easy to accommodate computationally for both variance component and breeding value estimation.
In this study, energy balance data were based on smoothed preadjusted milk yield, feed intake, live weight, and BCS records. The main advantage was that sources of systematic variation specific to each of these 4 traits were properly considered. Another advantage was that EB2 measures, based on weekly records, were now available for each day of lactation. The disadvantage was that dependent variables were based on partially regressed values; therefore, their real variance might not have been captured fully. An alternative course of action may be to combine the raw (unadjusted) phenotypic records for the 4 traits to form energy balance measures before analysis. This warrants further research.
CONCLUSIONS
Legendre polynomials provided the best fit to the energy balance traits considered in this study. Withinlactation curves of energy balance based on daily milk yield and feed intake records were best described by models fitting Legendre polynomials of minimum order 8. The same function of order 5 provided the best fit to an energy balance measure defined as the change in lipid and protein weight predicted from live weight and BCS. These models can be used to calculate genetic evaluations and predict future energy balance from early life measures. High order (>8) Legendre polynomials, along with same order Bessel functions and splines, best modeled the 2 energy balance traits across the cows' productive life (3 lactations). Even higher order across-lactation functions will be needed to reach the same levels of fit as within-lactation analysis, but this might be more statistically than biologically meaningful.
